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Abstract We investigate the distribution of high-frequency price changes, con-
ditional on trading volume and duration between trades, on four stocks traded on
the New York Stock Exchange. The conditional probabilities are estimated non-
parametrically using local polynomial regression methods. We find substantial
skewness in the distribution of price changes, with the direction of skewness
dependent on the sign of trade. We also find that the probability of larger price
changes increases with volume, but only for trades that occur with longer du-
rations. The distribution of price changes vary with duration primarily when vol-
ume is high.
1 Introduction
Time—in the form of the duration between trades—matters in the formation of
stock prices. This has been demonstrated from both theoretical and empirical
perspectives. Durations may be negatively related to prices because short-selling
constraints prevent trading on private bad news whereas there are no similar
constraints to prevent trading on private good news (Diamond and Verrecchia
1987). Durations may also be negatively related to volatility of price changes
(Easley and O’Hara 1992). The connection between price change and duration has
been verified empirically (Engle 2000; Grammig and Wellner 2002). Further
investigations into the relationship between durations and prices have yielded
interesting insights. For instance, the size and speed of price movements increase
with decreasing duration (Dufour and Engle 2000), reflecting a link between
duration and market liquidity. There is also an interesting dynamic relationship
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between price changes and duration (Russell and Engle 2004) and within duration
itself (Engle and Russell 1998). Grammig and Wellner (2002) explore the inter-
dependence of transaction intensity and volatility, and find that lagged volatility has
significant negative effect on volatility in the secondary equity market following
a initial public offering. The economic interpretation of the (contemporaneous)
role of duration in the distribution, particularly the volatility, of price changes is
the subject of a study by Renault and Werker (2004) where, using a structural
model, the effect of duration on price is decomposed into a temporal effect and an
informational effect. This enables them to disentangle the effects of instantaneous
causality from Granger causality in the relationship between duration to prices.
As in Renault and Werker (2004) we are interested in the contemporaneous
relationship between duration and price changes. We report estimates of the entire
distribution of price change conditional on duration, and investigate the role of
volume and trade sign on these distributions. We explore these relationships from
a fully nonparametric perspective. In particular, we estimate nonparametrically
the probabilities of various price changes conditional on duration, volume, lagged
values of these three variables, and trade sign.
As the conditional distribution contains all probabilistic information regarding
the statistical behavior of a variable given values of a set of explanatory variables,
analyzing estimates of conditional distributions may reveal interesting and useful
structure in the data, and provide insights that would complement studies that focus
on the conditional mean or variance. The purpose for adopting a nonparametric
approach to estimating the conditional distribution is to allow the data to speak for
itself. There are numerous applications in the literature that highlight the value
of incorporating nonparametric density estimation into an analysis. For example,
Gallant et al. (1992) study the bivariate distribution of daily returns and volume
conditional on lagged values of these variables. Among other findings, their anal-
ysis indicates a positive correlation between risk and return after conditioning on
lagged volume. Other studies that highlight the usefulness of non-parametric
methods include Engle and Gonzalez-Rivera (1991), and Gallant et al. (1991).
We estimate the conditional distributions for four stocks traded on the NYSE
using intraday data from TAQ spanning a period of 1 year, from Jan 2, 2002 to Dec
30, 2002. We find substantial skewness in the distribution of price changes, with
the direction of skewness dependent on trade sign. On the whole, the relationship
between price changes and volume is much weaker than the relationship between
price changes and duration, and shows up most clearly at long durations. When
durations are long, the probability of large price changes increases with volume.
In the following section we describe the data used in this study, and explain
precisely all the adjustments made to the data to get it into a form suitable for
analysis. In Section 3, we describe the nonparametric conditional distribution es-
timation technique used in the paper, and discuss the practical issues we had to
address in order to the implement the technique. The results of our study are
presented in Section 4, followed by concluding comments.
2 Data and data adjustments
We estimate the conditional distributions of price changes for four NYSE stocks:
IBM (International Business Machines), GE (General Electric), BA (Boeing), and
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MO (the Altria Group, formerly Philip Morris.) The data are obtained from the TAQ
database, and cover the period Jan 2, 2002 to Dec 30, 2002. We extract, for each
stock, the time of trade of the t th transaction τt, from which we obtain the
duration of the t th transaction dt=τt−τt−1(τ0=34,200 s after midnight, i.e., 9:30 am),
the transacted price pt , from which we compute the price changeΔpt=pt−pt−1, and
volume vt in lots of 100 shares. Clearly, these are all discrete variables. Each trade
is then signed as in Lee and Ready (1991) to indicate if the transaction is buyer (+)
or seller (−) initiated, but without modifying the reported times of quotes as
developments in the NYSE trading procedures no longer warrant this. There are
newly proposed methods (e.g., Vergote 2005) that aim to determine the appropriate
adjustments to the times of quotes. We do not apply these techniques, but as the
analysis in Vergote (2005) suggests that a delay of 1 or 2 s may be appropriate in
the sample period that we work with, we check if adding 2 s to the quote time-
stamp affects our results.
We use data from 0930 to 1600 h, deleting all trades that occur outside of these
hours. Data from 4 days with unusual market openings and closings are dropped
from our sample. These are July 5, September 11, November 29, and December 24,
2002. The first of these dates is an early closing for Independence Day, the sec-
ond is a late opening, in respect of memorial events commemorating the 1-year
anniversary of the attacks on World Trade Center. The latter 2 days are early
closings for Thanksgiving and Christmas.
There are several noteworthy characteristics of the data set in our sample
period. One is that by the start of this sample period the NYSE had already
completed the move to decimal pricing. One benefit of this is that the bid-ask
spreads are small so that that the bid-ask bounce is less of an issue for our estimates.
Perhaps the more important characteristic of this sample period is that, in general,
trading is so active that for each stock in our study there are large numbers of trades
with zero duration. These may be trades that occur almost simultaneously, but are
recorded as having occurred at the same time because the TAQ database records
time of trade to an accuracy of 1 s. Some of these trades may also reflect large
trades that are broken up into smaller simultaneous trades. The exact number
of such trades for the stocks we analyze are presented in Table 1. The lowest
proportion of zero-duration trades is BA at 3.7%. About 5% of the IBM and MO
observations have zero duration, and almost 10% of the observations for GE have
zero duration. We aggregate in standard fashion all trades that occur with the same
time-stamp and consider the aggregate as a single trade. The price of the first trade
in the aggregate is taken as the price of the aggregate trade. Signed volume is
Table 1 Number of zero duration trades
IBM GE BA MO
Total number of observations 923,577 1,292,532 594,186 797,373
Number of zero durations 54,799
(5.9%)
121,924
(9.4%)
21,925
(3.7%)
41,651
(5.2%)
Number of observations after
aggregation
868,778 1,170,608 572,261 755,722
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simply aggregated. Even after aggregation we have a large number of observations
for each stock, ranging from 572,261 (BA) to 1,170,608 (GE). Finally, note that,
unlike many studies that work with intraday stock prices, we do not remove the
diurnal patterns that are present in durations. This is a more critical issue if the
focus of the study involves the dynamics in duration data, but our focus is on
the contemporaneous relationship between durations and price changes, and so
we choose to examine the data with as few adjustments as possible. In addition,
we do not estimate the distributions at a fine enough grid on durations for the
removal of diurnal patterns to affect our results in any important way.
In Fig. 1 we show histograms of price changes, duration, and signed volume for
IBM. Also displayed is the histogram for signed duration (duration multiplied
by the sign of the trade). The distribution of price change appears to be very
symmetric. The distribution of signed durations is symmetric, so the distribution of
durations is similar for both buyer- and seller-initiated trades. The histogram for
trading volume is not informative except to indicate the presence of a few outliers.
However, apart from these the distribution is also fairly symmetric. A more detailed
picture can be obtained from Table 2. Here we show every 10th percentile of price
change, (unsigned) duration, duration for buyer- and seller-initiated trades, (un-
signed) volume, and volume for buyer- and seller-initiated trades. For all stocks the
distribution of duration and volume across buyer- and seller-initiated trades are
very similar to the overall distribution. In fact there is almost no correlation be-
tween the sign of trade and duration. Volume is substantially larger for the more
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Fig. 1 Histograms of duration, price changes, and volume (IBM)
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frequently traded of the four stocks. The distribution of price changes is mostly
symmetric. Table 2 also provides a useful reference for interpreting our conditional
distribution plots, as our conditional probabilities will be estimated and plotted at
various percentile values of the conditioning information set.
3 Nonparametric estimation of conditional distribution functions
Let {Xt,Yt}
T
t=1 be observations from a strictly stationary process where Yt is a scalar
and Xt = (x1t, x2t, . . . xMt). In our first application, Yt=Δpt and Xt=(dt, svt). One non-
parametric approach to estimating the conditional distribution function
F y xjð Þ ¼ Pr Yt  y Xt ¼ xjð Þ
Table 2 Distribution of prices, duration, and volume
Percentiles
10 20 30 40 50 60 70 80 90
IBM Price change −3 −1 0 0 0 0 1 1 3
Duration 1 2 3 4 5 6 7 10 14
Duration (sell) 2 2 3 4 5 6 7 10 14
Duration (buy) 1 2 3 4 5 6 7 10 14
Volume 1 2 4 5 7 10 14 23 48
Volume (sell) 1 2 4 5 7 10 13 22 45
Volume (buy) 1 2 4 5 7 10 15 24 50
GE Price change −1 −1 0 0 0 0 0 1 1
Duration 1 1 2 2 3 4 5 7 11
Duration (sell) 1 1 2 2 3 4 5 7 11
Duration (buy) 1 1 2 2 3 4 5 7 11
Volume 1 3 5 8 10 15 24 42 94
Volume (sell) 1 3 5 8 10 15 24 40 90
Volume (buy) 1 3 5 8 10 15 24 43 99
BA Price change −2 −1 0 0 0 0 0 1 2
Duration 1 2 3 4 5 7 10 15 25
Duration (sell) 1 2 3 4 5 7 10 15 25
Duration (buy) 1 2 3 4 5 7 10 15 25
Volume 1 2 2 3 5 7 10 13 24
Volume (sell) 1 2 2 3 5 6 10 12 23
Volume (buy) 1 2 2 4 5 7 10 13 25
MO Price change −2 −1 0 0 0 0 0 1 2
Duration 1 2 3 3 5 6 8 11 18
Duration (sell) 1 2 3 3 5 6 8 11 18
Duration (buy) 1 2 3 3 5 6 8 11 17
Volume 1 2 3 5 6 9 12 20 42
Volume (sell) 1 2 3 5 6 9 12 20 41
Volume (buy) 1 2 3 5 6 9 12 20 43
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is to make use of the fact that if Zt=I(Yt ≤ y), where I(.) is the indicator function, then
E [Zt | Xt = x]=F(y | x). The particular technique we use is the Adjusted Nadaraya–
Watson estimator (Hall et al. 1999; Hall and Presnell 1999) which we state in its
multivariate ( M ≥ 1) form.
3.1 The Adjusted Nadaraya–Watson estimator
The Adjusted Nadaraya–Watson estimator of F(y|x) is given by
~F y xjð Þ ¼
PT
t¼1 ZtwtKH Xtxð ÞPT
t¼1 wtKH Xtxð Þ
(1)
where {wt}
T
t=1= arg max ∏Tt=1wt, with {wt}Tt=1 satisfying the conditions (1) wt ≥ 0
for all t, (2) ∑Tt=1wt=1, and (3) ∑Tt=1wt(Xmt−xm) KH(Xt−x)=0 for all m=1,...,M, and
KH(.) is a multivariate kernel with bandwidth matrix H.
Although the Adjusted Nadaraya–Watson estimator is based on the biased
bootstrap idea of Hall and Presnell (1999), it is useful, as noted in Hall et al. (1999),
to view the estimator as the local linear estimator of F(y|x) with weights KH(Xt−x)
replaced by wtKH(Xt−x), i.e., ~F y xjð Þ ¼ a^ where â is obtained from the solution of
max a; b
XT
t¼1
Zt  a Xt  xð Þbð Þ2wtKH Xt  xð Þ
(see Fan and Gijbels 1996, for an authoritative introduction to local linear and local
polynomial regression methods). It is easy to see from the first-order condition
@
@a
XT
t¼1
Zt  a Xt  xð Þbð Þ2wtKH Xt  xð Þ ¼ 0
that â reduces to ~F y xjð Þ under condition (3).
Using the unmodified version of the local linear approach (wt=1) may result in
estimates of conditional distributions that are not monotonic in y, or that do not lie
always between 0 and 1. The Adjusted Nadaraya–Watson estimates, on the other
hand, always lie between 0 and 1, is monotonic in y, and yet share the superior bias
properties as estimates from local linear methods (Hall et al. 1999), and also
automatic adaptation to estimation at the boundaries (see e.g., Fan and Gijbels
1996). There is no requirement for the conditional distribution to be continuous
in y. Another justification for using the adjusted Nadaraya–Watson estimator is
provided by Cai (2002) who establish asymptotic normality and weak consistency
of the estimator for time series data under conditions more general than in Hall
et al. (1999).
3.2 Practical issues
Implementation of the estimator ~F y xjð Þ requires a number of practical issues to be
addressed. In particular, {pt} has to be computed, and KH(.)=∣H∣−1K(H−1x) has to
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be chosen. The choice of K in smoothing problems is usually not crucial (see e.g.,
Wand and Jones 1995) but the choice of H is important. For K we use the standard
M-variate normal distribution
K xð Þ ¼ 2ð Þ1=2 exp  xk k2
.
2
 
:
We take H=hIM where IM is theM-dimensional identity matrix. Other, possibly
non-symmetric kernels may be useful here (for instance, the gamma kernels in
Chen 2000), although we stay with the Gaussian kernel as the theoretical properties
for this specific method has been established for symmetric kernels only. As we are
effectively using only one bandwidth for multiple regressors, our regressors are
always scaled to a common variance before the estimator is implemented.
To obtain the optimal value of h, we adapt the bootstrap bandwidth selection
method suggested by Hall et al. (1999). This approach exploits the fact that, as we
are estimating distribution functions, there is limited scope for highly complicated
behavior. First, a simple parametric model is fitted to the data and used to obtain an
estimate F^ y xjð Þ. We use
Yt ¼ a0 þ a1X1t þ . . .þ aMXMt þ aMþ1X 21t þ . . .þ a2MX 2Mt þ "t (2)
and assume that ɛt is heteroskedastic, depending on the square of lagged price
changes. We then simulate from this model to obtain a bootstrap sample {Y1*,
Y2*,...,YT*} using the actual observations {x1,x2,...xT}. For each bootstrap sample
(and for a given value of h), we compute a bootstrap estimate ~Fh y xjð Þ. We choose
h to minimize X
~F*h y xjð Þ  F^ y xjð Þ
 
where the summation is over all bootstrap replications and over values of y for any
given x. We checked the sensitivity of our estimates to the choice of the
bandwidth, and we note that we obtained very similar results over a wide range of
bandwidth values.
Computation of the weights wt is carried out using the Lagrange Multiplier
method. The Lagrangian is
L ¼
XT
t¼1
log wtð Þ  0
XT
t¼1
wt  1
 !

XM
m¼1
m
XT
t¼1
wt Xm;t  xmð ÞKH Xt  xð Þ;
which gives the first-order conditions
1
wt
 0 
XM
m¼1
m Xm;t  xmð ÞKH Xt  xð Þ ¼ 0; 8m ¼ 1; . . . ;M (3)
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together with the restrictions ∑Tt=1wt=1 and ∑Tt=1wt(Xmt−xm) KH Xtxð Þ¼0
∀m=1,...,M. Solving these equations, we get 0=T with {m}Mm=1 satisfying the
equations
XT
t¼1
Xmt  xmð ÞKH X t  xð Þ
T þPMm¼1 m Xmt  xmð ÞKH X t  xð Þ ¼ 0; 8m ¼ 1; . . . ;M (4)
We obtain {m}m=1
M by solving Eq. (4) numerically (we use the MATLAB
function fsolve to do this.) The weights {wt}t=1
T are then computed from Eq. (3).
4 Empirical results
For each of the four stocks in our sample, we estimate two sets of the conditional
distribution F(Δpt|dt,vt), one set for seller-initiated trades, and one for buyer-
initiated trades. For each set, the distribution is estimated at the 20th, 40th, 60th,
and 80th percentiles of dt and vt. That is, for each stock, we estimate 16 conditional
distributions. It is not worth the computational burden to estimate the conditional
distributions at a finer grid: it would be difficult to present that much information
clearly and simply, and the chosen values of the conditioning variables are suf-
ficient for highlighting important empirical regularities. For each pair (dt,vt) we
estimate the conditional cumulative distribution at values ofΔpt from −10 to 9. We
report the conditional probabilities Pr(Δpt≤−10|dt,vt), Pr(Δpt=i|dt,vt) for i=−9,
−8,...,8, 9, and Pr(Δpt ≥ 10|dt,vt). These conditional probabilities are obtained by
taking the difference of the estimated cumulative distribution between adjacent
points of the grid over Δpt. It is possible to go further and obtain estimates of the
bivariate conditional distribution Pr(Δpt,dt|vt) by first estimating Pr(dt|vt), and
getting the distribution Pr(Δpt,dt|vt) by multiplying the estimates of Pr(dt|vt) with
the estimates of Pr(Δpt|dt,vt) obtained previously. Our estimates of Pr(dt|vt) show
that more trades occur at short durations than at long durations, regardless of
volume, and as a result, much of the interesting structure in the conditional
probabilities Pr(Δpt|dt,vt) do not show up well in plots of the bivariate distributions.
We therefore discuss only our estimates of Pr(Δpt|dt,vt).
The results for IBM are presented in Fig. 2(a) and (b). In Fig. 2(a), we show the
distributions of Δpt conditional on dt and vt for seller-initiated trades, organized
into four panels. In each panel we have the conditional distribution at four per-
centile levels of duration (20th, 40th, 60th, and 80th percentiles—see Table 2 for
actual values.) The four panels correspond to four different levels of volume, with
volume at the 20th, 40th, 60th, and 80th percentile levels starting from the top left
panel and proceeding clockwise.) In Fig. 2(b) we have the same plots for buyer-
initiated trades. The most obvious pattern is that the distributions in Fig. 2(a) are
negatively skewed, whereas the distributions for buyer-initiated trades in Fig. 2(b)
are positively skewed. This skewness is also clear in the estimated probabilities
provided later in Table 3. As security prices tend to move in the direction of trade
sign, the skewness observed is not surprising. Buyer-initiated trades tend to move
the security price higher, especially when these trades exhaust the prevailing depth
in the limit-order book and NYSE specialists revise the quotes higher to reflect the
higher demand for the stock.
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More interesting is the observation, for both buyer- and seller-initiated trades,
that duration has a much stronger influence on the distribution of price change at
high volumes than at low volumes. Looking at panel (a) of Fig. 2(a) and (b) we see
a slight change in the distribution of price changes between the four duration levels
at low volume. Panel (d) of both figures on the other hand show that at high
volume, the probability of larger price changes increases substantially with du-
ration. The influence of volume on price change also depends on duration. At short
durations (i.e., when trading is very active), volume does not have very much
influence on the distribution of price changes; moving from panel (a) to panel (d),
in both diagrams, the distributions at the 20th percentile level of duration are very
similar. At long durations, volume matters. Again moving from panel (a) to panel
(d), the distribution of price change for duration at the 80th percentile shows that
the probability of larger prices changes (negative for seller-initiated trades, positive
for buyer-initiated ones) increases as volume increases. Duration between trades
influences the distribution of price changes, but the degree of influence appears to
depend on the volume.
This result suggests that at the intraday frequency, volume may have some
influence on the distribution of price changes, even after controlling for duration.
This contrasts with the result in Jones et al. (1994) that, at the daily frequency, the
relationship between volume and the volatility of stock returns actually reflects
the relationship between volatility and the number of transactions (thus, average
duration). The result is consistent with research on high-frequency stock prices
(e.g., Easley et al. 1997) and suggests the importance of the interaction between
volume and duration.
We repeat this exercise with the other three stocks in our sample. The figures
are qualitatively the same as Fig. 2, so we do not display them. Instead, the es-
timated probabilities Pr(Δpt≤−2|dt,vt), Pr(−1≤Δpt≤1|dt,vt), and Pr(Δpt≥−2|dt,vt)
are presented in Table 3. The top half of the table shows estimates for seller-
initiated trades, while the lower half shows estimates for buyer-initiated trades.
We see that for IBM at the 20th percentile of duration, Pr(Δpt,≤−2|dt,vt) remains
around 0.2 for seller-initiated trades, and Pr(Δpt≥−2|dt,vt) lies mostly around 0.17
for buyer-initiated trades, as volume increases. At the 80th percentile level of du-
ration, both probabilities increase substantially as volume increases. Focusing on
the 20th percentile level of volume, Pr(Δpt≤−2|dt,vt) increases from 0.243 to 0.374
as duration increases from the 20th percentile level to the 80th. At the 80th
percentile level of volume, Pr(Δpt≤−2|dt,vt) increases from 0.202 to 0.472 as du-
ration increases from the 20th to 80th percentile levels.
Looking over the estimates for other three stocks, we see that similar comments
can be made, with differences only in degree. These patterns appear to be strongest
in the case of IBM, and weakest for GE and BA. In addition to the estimates for the
full sample period, we also compute the estimates for two subsamples (Jan to June,
and July to December) to check if our results are robust across different sample
periods. The estimates for these two sample periods are very similar to the es-
timates for the full sample. We also checked if adding a 2 s delay to the reported
quote time when signing trades affects our results. Again, the estimates in this case
are very similar to what is reported here.
We have also computed 95% confidence intervals around the probability
estimates in Table 3 using formulas that exploit the local linear nature of the
estimates (see e.g. Fan and Yao 2003, Section 6.3.4). We do not display the
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intervals, because it suffices to note that they are all very narrow-the boundary of
the intervals differ from the estimated probabilities only in the third or fourth
decimal places-and therefore indicate that the difference between the estimated
probabilities conditional on long versus short durations are statistically significant.
For instance, the 95% confidence interval for Prob(Δpt≤−2) for IBM (volume
at 80th perc., duration 80th perc.) is (0.471, 0.474) whereas the corresponding
interval for IBM (volume at 80th perc., duration 20th perc.) is (0.201, 0.202).
It seems therefore that there are substantial interaction effects between duration
and volume, and the sign of trade. Any parametric analysis of the relationship
between duration, volume, and prices should take these interaction effects into
account. In addition, the high degree of skewness in the distributions indicates that
care should be taken in interpreting results concerning the volatility of price
changes. We interpret our results for seller-initiated trades as evidence in support
of the Diamond and Verrecchia (1987) analysis, where we expect larger probabili-
ty of price falls with higher levels of duration.
As a further robustness check, we re-estimate the conditional probabilities,
including lagged values of duration, price changes, and volume, in addition to con-
temporaneous duration and volume. We continue to report the estimated prob-
abilities at the 20th, 40th, 60th, and 80th percentile levels of duration and volume,
but only at the median values of the lagged variables. Estimates of Pr(Δpt≤−2) for
seller-initiated trades, and Pr(Δpt ≥ −2) for buyer-initiated trades are listed in
Table 4. We note that by conditioning on the median value of lagged price change
(which is zero), the estimated probabilities of price changes of −1 to 1 ticks
increase substantially; this is because trades at the same price tend to be following
by more trades at the same price. Nonetheless, it is still the case that among the
probabilities Pr(Δpt≤−2) for seller-initiated trades, and Pr(Δpt ≥ −2) for buyer-
initiated trades, the largest estimates occur when duration and volume are both at
the 60th or 80th percentiles.
The focus of this paper is on the contemporaneous relationships between du-
ration, volume, and price changes. Nonetheless, it is of interest to extend the
analysis to the dynamic interrelationships between these variables (beyond the
robustness check reported in the previous paragraph) as much of the interest in
these variables arise from the effect of information arrival, and changes over time
of durations are indicative of this. For instance, it is of interest to explore and
compare the densities of price changes when trading is becoming more frequent,
with the densities when trading is becoming less frequent.
In Fig. 3, we show the estimated probabilities for GE in these two situations.
The densities for the other three stocks are similar, and are omitted. The top row
shows the estimated price densities for seller-initiated trades, whereas the bottom
row shows the estimates for buyer initiated trades. The left column shows the
estimates for the situation when trades are getting more frequent (current duration
at the 20th percentile, lagged duration at the 80th percentile). Again the skewness
in the distributions is clear, although in the case of GE, the modal price change is
now −1 and 1 for seller and buyer initiated trades, respectively. In the other three
stocks, the probability of a price change also increases relative to the probability of
no price change.
In the right column, we show the estimated probabilities when current duration
is long relative to lagged duration (current duration at the 80th percentile, lagged
duration at the 20th percentile). Here the modal probability is clearly at zero price
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change. The distributions here are also much tighter than the corresponding distri-
butions in Fig. 2. This suggests that our results reported earlier are more appro-
priate at median values of the lagged variables, or when current durations are short
relative to lagged durations. These results are merely indicative; a more extensive
study of the dynamic relationships in the framework used here is left for future
research.
5 Concluding comments
We investigate the distribution, conditional on trading volume, duration between
trades, and the sign of trades of high-frequency price changes on four stocks traded
on the New York Stock Exchange. The conditional probabilities are estimated non-
parametrically using local polynomial regression methods. We find substantial
skewness in the distribution of price changes, with the direction of skewness
dependent on trade sign. We also find that the probability of larger price changes
increases with volume, but only for trades that occur with longer durations. Du-
rations affect prices, with a stronger effect when volume is high.
The evidence suggests substantial interaction effects between duration and
volume with respect to their effect on prices; parametric analyses of the relationship
between duration, volume, and prices should take these into account, such as in Tay
et al. (2004). The high degree of skewness in the distributions indicate that it is also
important to distinguish between seller- and buyer-initiated trades, and that care
should be taken in interpreting results concerning the volatility of price changes.
The results are consistent with theoretical research. Our findings for seller-initiated
trades provide direct evidence in support of the Diamond and Verrecchia (1987)
analysis, where larger probability of price falls is associated with a higher level
of duration.
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